. Our work is focused on asynchronous and non-invasive (BCI). The proposed method should provide a reduced number electroencephalogram (EEG) based BCI to control robots and of canonical discriminant spatial patterns (CDSP) and rank the wheelchairs [7], [8] . It means that the users drive such devices channels sorted by power discriminability (DP) between classes. 
I. INTRODUCTION
Section III reports the results; and finally in Section IV gives some conclusions and discusses future work. Brain-computer interfacing (BCI) research enables a new interaction modality with the environment. Many (6) spectral power. In the later case, the spatial distributions of ti=1 e=1 u=1 event-event-related (de)synchronization effects are identified by changes on the mean, given that the variance of a band-pass B. Data Acquisition and Task filtered EEG signal becomes the mean when the signal is squared (see proof in the appendix). Thus, using CVA it is easy to extract Data were recorded from 4 subjects with a portable Biosemi CDSP which directions maximizes the differences in mean acquisition system using 64 channels sampled at 512Hz and either spectral power in the first case or energy of the original high-pass filtered at lHz. The subjects were sitting in a chair band-pass filtered EEG signal in the second case, between a looking at a fixation cross placed at the center of a monitor. The given number of classes.
subjects were instructed to execute three different mental tasks
Given the ni x c matrix, either with the estimated spectral (left hand imagination movement, rest, and words association) in power of a frequency band or the squared band-pass filtered a self-paced way. The mental task to be executed was previously BEG signal,Sr 1s~i, spy) of class i 1, k, where m specified by the operator in order to counterbalance the order, the is the number of samples and is the number of channels, and subjects specify when they started to execute the mental task. To assess the canonical discriminant spatial patterns stability training sets. Finally, we used these LDA classifiers to assess over time, data were split in two sets, the training set integrated the generalization performances of each subject. Given that the by the trials from the first 15 sessions, and the test set integrated main problem in BCI research is to deal with BEG unstability by the trials from the last 5 sessions. In frequency domain a over time, the use of k-fold crossvalidation was avoided. This trial was defined by each PSD estimation whereas in temporal non-parametric classification error estimator uses as training and domain each trial was defined as the averaged squared band-test sets data from all sessions, what never occurs in on-line of both domains. On the other hand, the level of similarity between DP maps obtained from the testing sets of both domains III. RESULTS decreases for those subjects with lower classification accuracies (subjects 3 and 4). A possible explanation that needs to be Table I reports the LDA classification accuracy over the 5 explored is that energy (temporal domain) and PSD estimation test sessions using CVA in frequency and temporal domain. (frequency domain) do not reflect the same phenomena when In average, the classification accuracies for both domains are the signal is less stationary, what occurs when the subject equivalent (57.89% in frequency domain vs. 59.43% in temporal have difficulties to generate stable EEG patterns during the domain, random level is 33.3% for a 3-class problem). In the execution of the mental tasks. Future work will focus on temporal domain, we obtained higher classification accuracies testing different extensions of CVA, assessing the sources of for two subjects, namely subjects 1 and 3 (73.50% and 57.57% performance variability between both domains on different vs. 69.33% and 51.75%). In the frequency domain, we obtained subjects, and exploring the relation between energy and spectral higher classification accuracies only for one subject, namely estimation. subject 2 (67.95% vs. 64.35%). The performance is equivalent on subject 4 (42.66% vs. 42.33%). Fig. 1 
all subjects. Fig. 2 and Fig. 3 depict the DP for each subject 0 (8) in the frequency and temporal domains, respectively, computed ET=,(x(t) (t))2 joining all test sessions (first column) and also from every single x(t)T
test session (next five columns). These figures show the origin of the intersession variability and allow also to understand the g (8) (9) Y results in terms of classification accuracy (see Table I ). In both ET i 2(t) domains, the classification accuracy is related to the level of (Tr(t) = t=1 (10) similarity between DP maps obtained from the training set (see DP maps in Fig. 1 ) and DP maps obtained from test sessions that, by definition, it is ,UX2(t) (see Fig. 2 , frequency domain, and Fig. 3 , temporal domain), either joining all test sessions or for each single test session.
